In an environment that is shaped by global competition and individualization, manufacturers in high-wage countries are increasingly forced to optimize their production in order to compensate for their high labor costs. Within the Cluster of Excellence "Integrative Production Technology for High-Wage Countries" at the RWTH Aachen University, this problem is addressed in an attempt to find solutions for the recovery of the competitive edge for manufacturing in high-wage countries. As an identified core mechanism of the resulting theory of production, self-optimizing production systems offer the potential of greatly enhancing the productivity and flexibility in manufacturing by integrating self-optimizing functions along the whole production process. However, as of today their implementation into an industrial environment is still hindered by the lack of present preconditions. Therefore, this paper focuses on the establishment and demonstration of enablers for self-optimizing production systems. Within the first part of this work, the conceptual background and a definition for selfoptimizing production systems are introduced. The former is focused on the process of self-optimization as well as on its potential benefits. Subsequently, the four main enablers are identified: Flexibility, variability, cognition and autonomy. Those are analyzed with regards to their individual function and possible implementation. At the end, the implementation is demonstrated along two project examples. Firstly, it is shown how the concept of a self-organizing material flow system can be further improved with the developed theory. Finally, the concept is applied to the self-optimizing production of small laser systems.
Introduction
Within the Cluster of Excellence "Integrative Production Technology for High-Wage Countries" at RWTH Aachen University, two major challenges for high wage-countries as a production site have been identified [1] . The first challenge is the dichotomy between scale and scope. Due to rising labor costs and shortening product life cycles, companies can no longer commit to just being the price leader or being successful solely through differentiation. Instead, they have to incorporate both strategies. Economies of scale utilize the advantages of mass production to produce cheap, identical products. Economies of scope on the other hand offer the customer individualized products.
The second identified challenge is the dichotomy between planning and value orientation. Planning orientation on the one hand describes the optimization of production processes by using sophisticated planning tools, thus ensuring an optimal allocation of production means and resources. Value orientation on the other hand characterizes the focus on simple, value stream oriented process chains which can easily react to changing boundary conditions [1] .
With the emergence of cyber-physical systems, several drivers for a rise in productivity have been identified and condensed as "Industrie 4.0" [2] . Among those, selfoptimizing production systems (SOPS) can potentially offer solutions to both dichotomies. This paper analyzes SOPS in detail with special regard to the necessary enablers and project examples for the industrial application.
Conceptual background

Definitions
For the analysis of SOPS a definition of the term production system as well as of self-optimization is required. The definition of production systems that is used within this paper is similar to the one used in Nyhuis [3] . Thereby, a production system is defined through its ability to transform input, such as material, monetary resources or know-how, into output (products). The production system includes valueadding as well as associated processes, for example manufacturing and the transportation within the production system. Organizational elements such as production planning and production control are included as well as mechanical functions. A production system can hence be understood as flows of material, energy and information associated with the production process [4] . Self-optimization is defined as the ability of a system to adapt its objectives and its resulting behavior to changing external influences. This can either be done through adjustment of its parameters or through a change of its internal structure [5, 6] . The latter displays a distinction to classical adaptive control [5, 6] . Therefore, a SOPS can be defined as a system that is part of an input transformation and is additionally able to adapt its objectives and the according parameters or structural attributes.
Concept of self-optimization
The process of self-optimization consists of three steps that are carried out recurrently, but not necessarily in the presented order (Fig. 1) . It is defined by the Collaborative Research Centre 614 "Self-optimizing concepts and structures in mechanical engineering" at the University of Paderborn and explained in the following [6] .
First, the analysis of the current situation captures the state of the system itself as well as observations of the system's surroundings. This information can be won either through integrated sensors or through communication with other systems. The state of the system also includes any information about past observations, which are critical for the learning potential of the system. During this step the fulfillment of previously chased goals is analyzed, external goals are registered and it is determined whether current internal goals are still applicable.
Second, during the determination of objectives, the system's internal objectives are set. This can be done through selection of a predetermined discrete set of choices containing inherent and external goals. Additionally, existing (inherent and external) goals can be adapted. This describes the gradual weighting of various existing goals. Another option is the generation of new goals that are independent of existing ones.
Third, the behavior adaption adjusts the system's state with the purpose of matching the current internal objectives. For a structural change, the composition or configuration of a lower layer is changed, either through reconfiguration or through a compositional adaption [6] . This step induces the reaction to the previous steps and therefore closes the loop of selfoptimization.
Benefits of self-optimizing production systems
The first benefit of SOPS is the resolution of the dichotomy between scale and scope by utilizing the increased flexibility [7, 8] . While the flexibility of a production system is not equivalent to its ability of self-optimization, there is a strong correlation between the two aspects. On the one hand, SOPS require distinctive flexibility and many degrees of freedom. On the other hand, self-optimizing functions can also improve the flexibility of a production system. For example the gripping process for a new component can be generated automatically. This makes the utilization of the same gripper efficient for various products, thus taking advantage of automation (economies of scale) while producing a high variety (economies of scope) [7] . Accordingly, self-optimization can lead to a faster realization of learning potential (Fig. 2 SOPS also represent a solution to the dichotomy between planning orientation and value orientation [1, 9] . The use of an exact model of the complete production system that covers all disciplines enables them to find the global optimal operating point. Due to the identification of significant parameters, SOPS can autonomously make decisions and adapt their internal goals and structure to the situation [1] . As they have the ability for optimization during production instead of ex ante, they can flexibly react to changes and therefore provide a robust and efficient production despite changes to the system.
Another potential of SOPS is their ability to react to deviations in (upstream) process steps. Because of the high level of sensor integration that SOPS require, it allows them to determine variance in the production process [1, 10] . Their cognitive abilities let them compensate for the measured deviation by adapting subsequent processes accordingly. This offers two advantages: First, manual process steps can be automatized. For instance, Brecher et. al. describe the possibility of automatizing the positioning of jigs in aircraft production [11] . Previously, this had to be done manually, as each part reacts differently to external forces. Second, the variance of products can be reduced and consequently their quality can be improved.
Enablers for self-optimizing production systems
Haag et. al. define three main enablers for SOPS [5] : Cognition, autonomy and flexibility. Cognition is required for the adequate processing of information. Autonomy stands for a system's ability to react to unforeseen situations without the demand for external instructions. Together, they describe the system's capability to utilize its given freedom. Flexibility describes the ability of a system to adapt to changing requirements or products without changing its structure. However, according to the established definition, SOPS can also be capable of changing their own structure (section 2.1). This ability is not covered by the three mentioned enablers. Thus, variability needs to be introduced as a fourth enabler (Fig. 3) . Variability describes the ability of a system to adapt through structural modification [4] . Variability and flexibility hence create the degrees of freedom necessary for selfoptimization.
Flexibility
The term flexibility describes the capability of a production system to produce a large variety of products and to adapt to changing requirements without changing the system's structure [4, 5] . It enables self-optimization through the creation of more ways for adjustments. However, increasing flexibility also leads to an increase in complexity of the system, which in turn requires more complex control algorithms [1] . The analysis of the flexibility associated with a production process yields four main mechanisms that can be improved on:
Functional flexibility describes the system's ability to accomplish a broad range of alternative tasks that cannot be accessed simultaneously. Cooperation technologies offer a promising way for its enhancement [5] . A system with high structural flexibility can easily change its flow of goods in order to adapt to changing products or changing flow rates, for example by being able to execute a particular process step at different locations. The third type is capacity flexibility. This describes the ability of changing the production program, without changing the composition of the production system by using capacity reserves [12] . In order to increase the overall flexibility of a production system, all three parts can be improved on. However, since large capacity reserves are usually not cost efficient, capacity flexibility offers very limited potential [4] . While those first three mechanisms determine the flexibility of the production system, it can also be convenient to increase the product flexibility. This can be illustrated by the changing of the lens of a small laser system from a concentric to a planar shape, thus lessening the technological restrictions on the corresponding production process [7] .
Variability
The second defined enabler is variability. As opposed to flexibility, variability describes the system's ability to adapt its behavior to a new situation through structural modification [4] . Two kinds of such modifications can be distinguished. Reconfiguration on the one hand describes the variation of the connections between a constant set of elements. A compositional adaption on the other hand is characterized by the integration, removal or exchange of elements in the defined system [6, 13] . Variability gives SOPS even more ways for optimization compared to mere parameter adaption. It can be supported by a modular system design that includes standardized detachable interfaces [4] . Those subsystems and modules should be allowed to act widely autonomously for the ability of reacting to changing boundary conditions [14] .
Cognition
The third enabler is cognition. While flexibility and variability create the degrees of freedom that are a prerequisite for adapting to changing boundary conditions, cognition implements the required planning and optimizing features that are required to utilize this freedom. It enables the creation of learning processes based on experience and ensures a robust system with intelligent decision-making capabilities. Autonomy, the fourth identified enabler, is also directly dependent on the cognitive capabilities of a system [5] .
Buescher et. al. define seven cognitive capabilities: Perception, reasoning, remembering, planning, decisionmaking, learning and action [15] . A SOPS does especially require decision-making and learning, which in turn requires an information backbone. This term describes a global knowledge base that contains information about the physical system, the environment, the product as well as previously defined strategies of the system [16] and the according performance data [5] . However, as the resulting amount of raw data cannot be directly handled, an advanced architecture for the information backbone needs to be developed first. Cognition can enable self-optimization on all system levels:
On a higher level, the structure of the complete system can be adapted to changing external influences. On a lower level, self-optimization within a subsystem can optimize the parameters of individual processes [1] .
Autonomy
The fourth identified enabler is autonomy. An autonomous system is able to react to unforeseen actions independently and can perform actions by itself without external operators. Autonomy is thus required to perform complex processes robustly and without the need for external interaction [1] . As described by Scholz-Reiter and Freitag, autonomy can only be defined relatively to other systems on the same hierarchical level instead of absolutely [14] . A SOPS needs to be autonomous on various levels. The entire system needs to be able to act autonomously. Furthermore, it needs to contain autonomous subsystems. As those subsystems only require local information, they reduce the overall complexity of the system. Hence, they enable the handling of complex processes and provide reactions to disturbances without human operators [14] .
In order to cope with failure states and to function at the global optimal operating point, a global adaptive expert system needs to be implemented. It can serve as a knowledge base for subsystems and is able to learn the solution to most failure states over time [5, 17] . This ensures the autonomy of the complete system and consequently enables it to handle complex processes and disturbances over long periods of operation without the support of external operators [11] .
Overall, autonomy is required for a SOPS to cope with the increasing complexity of the system and to optimize production without external interaction. Autonomous production systems are able to handle highly complex processes and to cope with disturbances during long periods of operation without the support of external operators.
Project examples
In this chapter, two different projects are introduced and evaluated based on the theory of SOPS. Purpose is to develop specific approaches for the implementation of the theory into an industrial environment.
Self-optimizing production of small laser systems
This section discusses a laboratory scale self-optimizing assembly system for small laser systems. It was developed by the Fraunhofer Institute for Laser Technology (ILT). The manufacturing system is under development as part of the research project "Flexible Assembly Systems for SelfOptimizing Automation" within the Cluster of Excellence "Integrative Production Technology for High-Wage Countries" at the RWTH Aachen University. In the following, the system is outlined in accordance to Loosen et al. [18] .
The presented approach is demonstrated with the flexible assembly of a hybrid opto-mechanical laser system consisting of various optical, mechanical and electrical components. The components are set up on a planar carrier plate with placement tolerances as little as 10 m. The project aims at an increase of flexibility through the design of the product and of the assembly system. The utilization of self-optimizing techniques minimizes planning efforts while ensuring an efficient allocation of resources [18] .
During the product design stage, the goal was to increase the product flexibility. The resulting planar design of the laser system allows the free placement of various components through good accessibility. Furthermore, the akin design of the component's geometries enables the robust joining with standardized techniques [1] . The core of the production system is made up by a modular multi-robot assembly cell. This enables an automatic and variable execution of complex assembly tasks that require handling, joining and monitoring of parts simultaneously. The combination with a modular and distributed control system enables the system to rapidly adapt to changing products or external influences [11, 18] .
One advantage of the installed measurement equipment is the enabling of active resonator alignment. This selfoptimizing technique has manifested as a useful way to minimize the planning efforts through indirect measurements [18] . In a first step, the two mirrors that form the resonator are passively aligned. During this step, the reflection of a reference laser beam is measured. The position of the observed reflection is used to determine the current angular position of the two mirrors through a known relation between the mirror position and the reflection. For the subsequent active alignment, the actual laser is switched on and the system is optimized based on its functional output. The substeps can be matched with the three steps for self-optimization defined in section 2.2:
• The analysis of the current situation is conducted indirectly through the measurement of the output power of different mirror positions surrounding the initial position. The result is then compared to the known point cloud of the position-output power relation.
• During the determination of new objectives the angles for maximum power output are recalculated and set as new internal objectives.
• As a behavior adaption, the mirror's positions are adjusted to match the new objectives.
Those three steps are carried out recurrently, until a certain predefined power output, representing the external objective, is reached [18] .
A global expert system has been introduced for the identification and resolution of failure states. The established system includes a knowledge base containing information about the assembly process and a model of the laser system along with its specifications. Additionally, it accumulates ifthen rules to cope with various situations [11, 18] .
The main benefits of the described approach are the reduction of planning efforts along with the enhanced degree of automation through self-optimizing techniques. The resulting system is capable of learning, as shown by the use of past experiences for the determination of failure states. For these benefits, all four major enablers have been put in place. The use of task-oriented programming along with flexible processes and according product design enhance the flexibility of the system. Variability is ensured by modular equipment that can be changed automatically. The integration of sensors and the multi-agent system provide cognitive capabilities and enable autonomous decision-making. Altogether, all significant aspects of the proposed theory are demonstrated within the project.
Self-optimizing material flow system
The second example for the application of SOPS is based on the project "Self Organizing Material Flow for Plug & Produce-able Modular Assembly Systems". It was developed at the University of Erlangen-Nuremberg within the framework "Research for tomorrows production" [19] .
Three Shortcomings of common material flow systems have been identified by Feldmann et. al. [19] . First, many systems produce multiple products or require the same process repeatedly at different product stages. Consequently, the complexity of the material flow system greatly increases, as a simple line structure is no longer sufficient. Second, the material flow is traditionally operated by a central control system. This can only be used to control plants up to a limited size and is vulnerable to single point failures. Third, whenever a traditional material flow has to be updated to a new product mix, manual effort is required in order to adapt the fixed specified paths. Consequently, the system becomes inflexible and prone to failures caused by flawed manual adaption.
The system proposed by Feldmann et. al. is a plug and produce-able system composed of modular construction kits [19] (Fig. 4) . The foundation for the collaboration within the system is based upon an information backbone which can be accessed by all working stations and junctions. Based on the information, the next working station can be identified autonomously after each process step, enabling decentralized control architectures. Agent based routing is used for the determination of the next working station, as it has been proven to be the most time efficient approach, autonomously achieving a high throughput [20] . After finishing the previous production step, the work piece's agent initiates an auction. All workstations that are capable of performing the next required process respond with an approximate finishing time for the requested operation. The work piece then chooses its next destination based on the lowest required total time, including execution and transport. The resulting system is highly resilient to disturbances, such as the maintenance or breakdown of workstations.
The self-optimizing material flow system partly fulfills the described enablers. The modular design greatly improves the variability of the system. A complex design of the transportation net associated with high structural flexibility is enabled through the control structure. However, the other two enablers are not sufficiently established. Even though the system possesses certain cognitive capabilities, some of the most important aspects, such as learning, are left out. It is able to widely act autonomously but does not contain a global adaptive expert system and is unable to work at the global optimum.
Accordingly, three main shortcomings can be identified and improved on by introducing principles of SOPS: The system's objectives are one-dimensional and are therefore restricted in their adaptability to changing external influences. This can be demonstrated by the fact that the minimization of the processing time is the only objective of each individual part. The auction system is not able to achieve global optima, as each part is merely striving to minimize its own processing time [21] . Finally, the system is unable to improve through learning. Learning is usually initiated by the storage of information about past actions [15] . However, the proposed system's information backbone does not include such a data base.
In order to tackle these challenges, it is necessary to improve the routing system even further (Fig. 4) . When matching a work piece with a working station, factors such as the importance of the work piece compared to others as well as the availability of subsequent process steps have to be taken into account in addition to the expected operating time. This requires the collaboration with other parts of the production system. The resulting optimization problem is highly complex [14] . Consequently, metadata about past events should be stored and analyzed to improve the decision quality over time. For example, the emphasis that is put on each proposed goal, such as the minimization of the total process time and the prioritization of certain products, can be optimized according to past performance and changing external influences. While the initial project does not fulfill all postulated characteristics of a SOPS, it does contain many distinctive features. Based on the proposed extensions, it can accordingly provide valuable information for the road towards completely self-optimizing production systems.
Discussion
This paper first outlines the concept of and obstacles for SOPS. On this conceptual foundation, four major enablers are constituted. Flexibility and variability create the necessary enablers for optimization. Autonomy and cognition describe the ability of utilizing the given freedom. Since these enablers need to be established to create fully self-optimizing production systems, their implementation is demonstrated with two project examples subsequently. In order to produce more complex products in large-scale production systems within an industrial environment, the transition into a high output scale has to be made. Accordingly, an avenue for further research could present the depiction of the theory of self-optimizing production systems with additional examples. It is natural to conjecture that further obstacles and potentials can be identified. In order to ensure a holistic view that identifies the potential for the whole industry, various scientific disciplines have to cooperate within the research.
